Because of the unavoidable mixed pixels in remote sensing imagery, mixing models can be effective in improving the usefulness of the image data. Several spectral unmixing algorithms have been developed for multispectral and hyperspectral imagery; however, the issue of unmixing error caused by sensor system PSF degradation has never been addressed. We have studied the origin of unmixing error and investigated the possibility of applying image restoration before spectral unmixing to improve the unmixing results. Although the error can not be fully eliminated, up to 30% improvement of accuracy has been obtained by simple pseudo-inverse restoration. We conclude that image restoration is useful in increasing the accuracy of spectral unmixing.
INTRODUCTION
The radiance recorded by a remote sensor at each pixel is the integrated sum of the spectral radiance of all materials within the instantaneous-field-of-view (IFOV).When the IFOV covers the boundary of two large objects or a scene contains objects smaller than the size of one IFOV, the radiance detected will be a mixture from all objects. It is well known [l] that these mixed pixels can account for a large fraction of classification error with standard classifiers was used.
In order to improve the accuracy of classification, which is based on an assumption of one class per pixel, a mixing model was proposed [l, 21 to deal with mixed pixels problem. These early efforts proved that the mixing model is effective in improving the accuracy of crop acreage estimation. A linear mixing model has since been used to analyze the mixture of vegetation and rock in arid lands studies [3] , to generate fraction images of shade in forest research [4] , and to determine the mineral types and abundance in geology surveys. In [5] , a fuzzy supervised classifier, which is based on a linear mixing model, is also proved to have higher accuracy than a standard maximumlikelihood classifier.
Recently, the advent of imaging spectrometers [6] , which acquire high spectral resolution data, encourage a shift from statistical and empirical interpretation techniques to more deterministic and quantitative ones. Individual minerals may be detected and identified based upon their diagnostic spectral responses [7] ; however, the IFOV also causes each observation to be a mixed spectrum and obscures the identification. Unmixing algorithms have been developed to find the spatial abundance distribution patterns of the mixing components [8] and to solve for the fractions of so-called endmembers in each pixel [9] .
Although accuracy in classification, crop acreage and mineral abundance estimation have been improved using mixing models, no attempt has been made to investigate the unmixing improvement by image processing. In this paper, we divide the unmixing error into two components, and show that image restoration can be used to decrease one of the errors. Simulated images with different complexities are used to demonstrate the improvements achieved by combining pseudo-inverse image restoration with an unmixing algorithm.
SPECTRAL UNMIXING ERROR AND IMAGE RESTORATION
In order to examine the origin of unmixing error for further improvements, a linear unmxing algorithm-constrained least squares (CLS) [4] -is used. Two sources can contribute to the error in the unmixing algorithm. One source of error is the data variance within each class. If the observation vector of each class is constant and equals the mean vector, unmixing will be able to decompose each pixel correctly. Unfortunately, the data for each class is variant and the error is unavoidable. This error is dependent on a sepambility factor which we define as the average mean distance divided by the product of standard deviations for all class pairs. For 3 classes and a 3 band image, it is:
The other source of error is due to the system PSF blurring and noise, arising from the imaging optics, detector, and electronic filters. Because of the blurring, each pixel represents further mixing with the surrounding pixels; this degradation of radiometry makes the unmixing result not representative for the area of interest. We propose that an inverse process, or restoration, can be used to remove the blurring degradation and make the fractional class components estimation more accurate.
IMAGE SIMULATION
To test the feasibility of image restoration for improved spectral unmixing, several agricultural images with exactly known ground truth are simulated. These images are generated in two stages, scene radiance generation and sensor system blurring and sampling. The simulated scene is generated by the following sequences, which is adapted from [lo] .
1)
Define simulated scene size and average class field size.
2) Obtain spatial and spectral statistics of radiance data for each class from actual imagery. 3) Generate spatidy-correlated and spectally-uncorrelated radiance data for each band. 4) Transform each radiance vector to have the proper mean and covariance for each class.
The scene size used in the simulation is 512 x 512 pixels x 3 bands with a cell size 7.5 meter. For each simulated scene, the class boundaries are generated randomly using a Poisson distribution with a mean equal to a specified average field size [ll] . An autoregressive (AR) model is used to generate the spatidy-correlated radiance cells within the area defined for each class and each band. The statistics used in steps 1 and 4, which include spatial correlation coefficients, mean vector and covariance matrices, are computed from a TM image, bands 4, 5 , and 7. Three classes-corn, soybean, and wheat-are used for this statistics calculation.
The simulated scene is then used to generate twb 8-bit output images. The real image is generated by convolving the scene with 91-72810/92$03.00 0 IEEE 1992 558 the TM system PSF [12] , average-subsampling the output by a factor of 4 and adding random noise with a specified variance. The ideal image, which is the goal of our restoration, is generated by averaging-subsampling the input scene without additional blurring by the system PSF. Both output images have a size of 128x128~3 with resolution of 30 m/pixel. A restored image is then generated by applying a pseudo-inverse restoration on the real image.
E X P E R I M E N T AND RESULTS
In all the simulations, pseudo-inverse restoration is used to test the feasibility of our approach. Using the CLS algorithm, fraction images are computed for the ideal, real, and restored images. Because we have "ground truth" for all the simulated scenes, unmixing error for these three images can be obtained. Unmxing error for each class inside one pixel is defined as the absolute value of the difference between the estimated and true abundances. The total unmixing error, in pixels, is then accumulated for all the classes and all the pixels. To avoid overestimate of the error, the total unmixing error is divided by two. All the error estimates in the simulation are based on a 10 times ensemble average to reduce the bias of random noise generation. Four experiments were conducted with several different scenes: 1) Average field size of 375 m/side with four different separability values-10,20,30,40 and system noise variance a ' = 1.0. This experiment is used to examine the error caused by different data separabilities and to evaluate the improvements obtained using restoration. The total unmixing errors for the ideal, real and restored images are compared in Fig. 1 . The error of the ideal image represents an lower limit for this unmixing algorithm, which is caused by the data variance. As the separability increases, the error of all three images decrease, and the improvement gained by restoration increases.
2) Same as 1) with four different system noise variances: a2 = 0,0.25,1.0,4.0. To see how effective the restoration is, the ratio of improvement (ROI)' is computed and the results are shown in Fig. 2 . When the separability-to-noise(a) ratio (SNR) is larger than 20, restoration can decrease the error; otherwise, the error is increased. The higher the SNR, the greater the improvement.
3) Five different average field sizes-18.25, 37.5, 75, 150, 375, 750 m/side with separability=30 and system noise variance a ' = 1.0 (SNR=30). This experiment is used to assess the dependence of restoration on field size. The error of ideal images, which depends only on separability, is almost constant for all different field sizes (Fig. 3) . However, the error of real images increases as the scene becomes more complex (smaller field size). Apparently, as the scene becomes more complex, the PSF blurring starts to dominate the error, In all cases, the restoration decreases the error no matter what the field size is. 4) Same as 3) with four different system noise variances: a2 = 0,0.25,1.0,4.0. To further evaluate the performance of restoration, the ROI is compared under different field sizes and system noise levels in Fig. 4 . The ROI increases as the scene becomes more complex until the field size is smaller than one pixel. Because the range of field sizes used here covers most of that in remote sensing imagery, we contend that image restoration can be used in all kinds of scenes as far as unmixing is concerned. Although restoration deteriorates the results when the SNR is too low, in most situations, it does offer improvement.
Improvement in unmixing error can also be observed visually as shown in Fig. 5 . The sample scene has an average field size of 150 'The R01 is defined as (e7 -e , ) P , , where e, and e. are unmixing errors of the real and restored images respectively. m/side with SNR=30, and a It01 of 23.8%. Fig. 5(a) shows the true fraction image of class 1 (brightness is proportional to fraction), and Figs. 5(b)-(d) show the unmixing error (brightness is proportional to error). Without system PSF blurring, most of the errors occur inside the fields due to within class variance (Fig. 5(b) ). In the real image (Fig. 5(c) ), the PSF blurring introduces errors on the class boundaries. With restoration, the errors around boundaries are reduced (Fig. 5(d) ); but errors inside homogeneous fields are increased. These errors are due to system noise, which is amplified by the pseudo-inverse restoration. However, the overall performance is improved.
CONCLUSIONS
Although image restoration is mostly used for improving visual quality, we find it is also useful for quantitative improvement in remote sensing. Depending on the scene complexity, class separability and system noise level, image restoration obtains various degrees of improvement in spectral unmixing. For a reasonable class separability-to-noise ratio value (e.g. 30), the ratio of improvement is 4 to 30%. The results of this study can be applied to both multispectral and hyperspectral imagery for improving the unmixing accuracy. Further improvements may be obtained with a more sophisticated restoration scheme designed specifically for unmixing, and this is currently under investigation. Average field size (m/side)-log scale Restoration evaluation by ROI under different average field sizes and system noise levels. Fig. 4 
